Abstract-In this paper, a robust non-rigid multimodal image registration method is proposed using the local phase coherence representation (LPCR) as well as the residual complexity (RC) similarity measure. By integrating the LPCR and RC measure, we can find and track the non-rigid transformation of each pixel under diffeomorphism between the source and target images. Experiments using multimodal images are conducted to demonstrate the advantages of the proposed method.
INTRODUCTION
Multimodal registration is a process of determining the alignment of two images from different imaging modalities, such as magnetic resonance imaging (MRI) and computed tomography (CT). Multimodal registration is emerging as a promising research area in recent years and is more challenging than monomodal registration (registering a CT to a CT, for example) because multimodal images have different gray level characteristics and the features in the two images to be registered are often not well preserved.
So far, extensive researches have been made on image registration technique, and various registration algorithms for medical image have been developed. A good survey of the existing literature on this problem can be found in [1] [2] [3] . One of the most widely-used groups of multimodal registration methods is mutual information (MI) [4, 5] and normalized mutual information (NMI) [6] . Such techniques are very powerful and considered to be state-of-the-art. An excellent survey of these methods, and their variations, is in [7] . The main advantage of MI is that it allows for the direct intensitybased comparison of multimodal images, making no underlying assumptions regarding the intensity relationships between the images under evaluation. However, since the intensity relationship between the images is relatively unconstrained by MI, this cost function can be highly nonmonotonic with many local maxima. Some causes that can lead to high non-monotonicity include sampling (i.e., number of histogram bins and image resolution) and interpolation effects. Since local optimization schemes are dependent on the monotonicity of the underlying cost function such schemes can often get trapped in local maxima. This is particularly problematic in situations with small initial overlaps, where the optimization scheme must travel a long distance to the correct solution. This need for careful initialization of the system to achieve proper registration is one of the drawbacks to the use of MI.
Real-world images often have spatially-varying intensity distortions. For instance, brain MRI images often can be corrupted by slow-varying intensity fields; visual band images can have illumination non-homogeneity and reflectance artifacts. To deal with complex spatially-varying intensity distortion, Myronenko [8] derived recently a similarity measure for image registration, which accounts for spatial intensity distortions. The similarity measure intuitively measures the coding complexity of the residual image and produces good registration results on many monomodal images. One major issue with the measure is that it is unsuitable for aligning images with very different intensity mappings and often fails in the case of aligning multimodal images because there is usually no appropriate intensity mapping that can make them appear similar in terms of pixel intensities. One approach to this problem is to discard the use of pixel intensities as the feature space and instead exploit the structural characteristics of the image content.
In recent years, Mellor et al. [9] have used local phase directly as the representation basis for comparison. The key advantage to the use of local phase representations over other representations is the fact that it is largely independent of intensity. Thus, it is highly robust to the presence of signal non-homogeneities. Despite this very important advantage, there are some issues associated with using local phase directly in multimodal registration. The local phase representations are based on a single scale and provide no information on structural significance, and finally must rely on more complex techniques such as MI. Given these issues, local phase coherence, as an alternative approach to local phase representations, was developed recently as a possible cost function for multimodal registration [10] . In rapid sequence, an extension of [10] has been proposed to improve the monotonicity of local phase coherence, making it much more suitable for optimization than MI based techniques [11] . However, the capacities of the methods used in [10, 11] to deal with image noise are unclear because local phase coherence representations are compared directly using simple cost functions, i.e. sum of squared distances. In addition, issues regarding non-rigid transformations were not addressed in [10, 11] .
The main contribution of this paper is combining local phase coherence with residual complexity similarity measure to develop a robust non-rigid registration for multimodal medical image. The proposed approach can be divided into several parts. First, the local phase coherence representations of the images to be aligned is constructed and then a called RC similarity measure is introduced to deal with complex spatially-varying intensity distortions followed by an implementation of the proposed method in Section 2. Second, a set of experiments are reported to demonstrate the capability of our method in Section 3. Finally, concluding remarks are presented in Section 4.
II. METHOD

A. Local phase coherence representations of the images
Images captured with different modalities can possess significantly different pixel intensity mappings for the same content, making them difficult to compare in a direct manner. One possible solution to this problem is to construct representations of the multimodal images that allow for comparison independent of the underlying image intensity. A common approach to an intensity-independent representation of the images is based on its structural characteristics. Two images obtained of the same scene using different modalities can have significantly different intensity characteristics but should have very similar structural characteristics. Therefore, the structural characteristics of the disparate images can be compared in a direct fashion. While previous attempts have been made to develop structural representations using gradient fields, these methods are sensitive to image non-homogeneity and can lead to incorrect alignments. Therefore, a structural representation that is relatively independent of image nonhomogeneity is desired. Local phase coherence has been proved to be an effective method for determining structural significance in an image [10] [11] [12] [13] .
Local phase coherence adopted in this paper is based on the method proposed by Kovesi [13] and Wong [10, 11] and can be described as follows. The local amplitude and phase at each point in image I is computed over multiple scales and orientations using complex-valued wavelets such as logarithmic Gabor wavelets. The local amplitude and phase at a particular point x at wavelet scale n is computed based on a pair of even-symmetric and odd-symmetric wavelets 
The local phase coherence at point x , orientation θ , and over a range of N scales can then be computed as 
where W represents the frequency spread weighting factor, n A and n φ represent the amplitude and phase at wavelet scale n respectively, φ represents the weighted mean phase, T represents the noise threshold and ε is a small constant used to avoid division by zero. The parameters used to compute local phase coherence is the same as that described in [12] .
The feature significance at point x can then be computed as the minimum moment of local phase coherence ( ) 
B. Non-rigid registration using residual complexity measure
Accurate definition of similarity measure is a key component in image registration. While there exists a number of similarity measures, we employed the residual complexity measure recently presented by Myronenko et al. [8] . The similarity measure accounts for spatial intensity distortions and nonstationarities of the images, and then produces accurate registration results on both artificial and real-world problems over many other state-of-the-art similarity measures.
Consider two images I and J to be aligned, residual complexity measure can be defined as follows hierarchical levels of B-spline control points to produce nonrigid transformation in [8] . Transformation parameters T can be iteratively updated by using the gradient descent optimization method. The gradient of residual complexity measure is
r (8) where dctn and idctn are the forward and inverse multidimensional discrete cosine transforms (DCTs), ∇J is the intensity image gradient and θ represents the transformation parameters.
C. Implementation
Based on the theory presented, the registration algorithm consists of the following steps:
1. Given images I and J , compute the minimum moment maps I μ and J μ using Eqs. (3) and (5) as described in Section 2.
2. Prior to application of the non-rigid registration, rigidly align I μ and J μ using the FTT proposed in reference [10] to determine optimal shift and rotation. 3. Perform iteratively RC cost evaluation using Eq. (7) and (8) as described in Section 2 to determine the non-rigid displacement field between I μ and J μ .
4. Align I and J using the obtained displacement from step 1 and 3 and then fuse the two images into a single image using mathematical operators (e.g. Logical AND, Logical OR, etc.).
III. RESULTS
We report a registration experiment with a pair of MR images obtained using a T1 and T2 weighted imaging protocols respectively. Each image was obtained from different subjects making it apt for the application of a non-rigid deformation. Fig. 1 shows the registration results for the T1 and T2 weighted MR brain scans being registered. Fig. 1(a) and (b) depict the source and target images to be registered. Fig. 1(c) and (d) depict the corresponding LPCRs of source image and target image. Transformed sources using RC measure without and with LPCRs are shown in Fig. 1(e) and (g) respectively. Fig.  1 (f) and (h) depict the corresponding displacement fields between Fig. 1(a) and (e) and between Fig. 1(a) and (g). For visual evaluation of the proposed method, the fused images between the target and the transformed images are presented in Fig. 1(i) and (j) respectively. As is evident, the mis-alignment has been dramatically reduced after the united application of RC measure and LPCR.
IV. CONCLUSION
In this paper, we presented a robust non-rigid multimodal image registration scheme. The method involved constructing local phase coherence maps of the input data followed by an application of the residual complexity measure based non-rigid registration scheme. The method was tested on several data and illustrated via one example. Experimental results show that the proposed method improves alignment accuracy when compared to existing method. This method is well suited for multi-modal medical image registration.
